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Electroencephalographic functional connectivity in extreme
prematurity: a pilot study based on graph theory
Elisa Cainelli1,2, Maria Grazia Di Bono3, Patrizia S. Bisiacchi4,5 and Agnese Suppiej1,2
BACKGROUND: Connectivity studies based on functional magnetic resonance imaging (MRI) provided new insights in neonatal
brain development but cannot be performed at bedside in the clinical setting. The electroencephalogram (EEG) connectivity has
been less studied, particularly using the new approach based on graph theory. This study aimed to explore the functional EEG
connectivity using graph theory analysis at an early post-conception age in extremely premature and late-preterm babies free of
medical complications and overt brain damage.
METHODS: Sixteen neonates (8 extremely low gestational age (ELGA) and 8 late-preterm infants), both groups having performed
multichannel EEG recordings at 35 weeks’ post-conception, were recruited in a single tertiary-level neonatal intensive care unit and
well-baby nursery, respectively. Global (i.e., small-worldness) and local (i.e., clustering and strength) connectivity measures were
calculated on a single-subject connectivity matrix of EEG data.
RESULTS: Both ELGA and late-preterm infants showed small-worldness organization at 35 weeks’ post-conception. The ELGA group
had the strength parameter of the theta frequency band lower in the right than in the left hemisphere. This asymmetry did not
emerge in the late-preterm group. Moreover, the mean strength parameter was significantly greater in the right hemisphere in the
late preterms than in the ELGA group.
CONCLUSION: EEG connectivity measures could represent an index of left-to-right maturation and developmental disadvantage in
extremely preterm infants.
Pediatric Research (2020) 87:753–759; https://doi.org/10.1038/s41390-019-0621-3
INTRODUCTION
Preterm infants are at developmental risk, even in the absence of
overt brain damage. The causes are not yet well understood, but it
has been speculated that prolonged extra-uterine experience and/
or medical and environmental conditions leading to premature
birth may interfere with brain maturation in a crucial phase.1,2
Research from many fields of neonatal medicine is increasingly
focusing on structural and functional pathways reshaping in the
last trimester. Electroencephalographic (EEG)1,3,4 and magnetic
resonance imaging (MRI)5 studies already revealed subtle and/or
transient abnormalities of brain development in preterm
infants having attained term equivalent age. Furthermore, in a
previous study of infants born at extremely low gestational age
(ELGA), we found that, as early as 35 weeks’ post-conception,
failure to develop age-specific patterns of EEG spectral activity
might represent a neurodevelopmental risk in the absence of
overt brain damage and neurological risk factors other than
prematurity.6
In the past decade, connectivity studies based on diffusion
tensor imaging, functional MRI (fMRI), EEG, and magnetoence-
phalography provided new insight in neonatal brain functioning
by comparing preterm infants with healthy infants born at
term.7–11 EEG resting-state data provide insight into functional
brain connectivity through the patterns of different brain
oscillations. The study of EEG networks is complementary to
fMRI and has the advantage of being available at bedside in the
Neonatal Intensive Care Units (NICUs). One other advantage of
using electrical signals is that they allow exploring networks with
spatial and temporal dynamics that functionally are not
completely overlapping to resting-state fMRI12 providing further
information on the underlying neurophysiological mechanisms.
Research on neonatal EEG connectivity in extreme prematurity
provided important information on development of brain net-
works, particularly on maturation of short-distance and long-
distance brain connections.13–16
The increasingly high number of datasets on brain function
led to the need of a new, multidisciplinary approach to the study
of complex systems, known as complex network analysis,
considering that the human brain is an extremely complex
system of interacting physical and functional units, ranging from
single neurons to complex networks.17 Complex network
analysis has its origins in the mathematical study of networks,
known as graph theoretical analysis. Graph theoretical analysis
offers a mathematical language to describe segregation and
integration properties of brain functioning. It analyzes functional
interactions among brain areas at a topological level.18 The brain
is modeled as a graph in which each node (e.g., a brain area or
a sensor channel) is linked to all the other nodes within the
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graph through edges that are weighted by some measure of
correlation.
The fMRI studies investigating development of functional
connectivity highlighted differences between early premature
and term infants, using graph theoretical analysis, but comparable
studies using the EEG are lacking.19
The present exploratory study aimed to assess brain function in
preterm infants by means of EEG connectivity measured through
the graph theory analysis. In order to highlight maturational
effects and minimize the influence of confounding variables, we




Sixteen premature infants (8 ELGA infants, range 23+ 2–27+
6 weeks’ gestation, and 8 late-preterm infants, range 34–35+
2 weeks’ gestation) were recruited, respectively, from the NICU
and from the well-baby nursery at the Pediatric University Hospital
of Padua, Italy.
Exclusion criteria were intrauterine growth restriction (defined
as estimated fetal weight below the 10th percentile and umbilical
artery pulsatility index >2 standard deviations,20 cranio-facial
malformations, genetic syndromes, clinical evidence of neonatal
encephalopathy, brain ultrasound evidence of intraventricular
hemorrhage21 or periventricular cystic leukomalacia (as defined by
De Vries et al.22), and occurrence of seizures. Furthermore, infants
treated with drugs (e.g., sedatives) affecting the central nervous
system and/or with abnormal EEGs, evaluated by the same
neurophysiologist (A.S.), by visual inspection, were excluded from
the study.
Clinical data are summarized in Table 1.
The hospital ethical committee (Comitato Etico per la Sper-
imentazione Clinica dell’Azienda Ospedaliera di Padova) approved
the study. Parents gave informed consent.
Data acquisition
The EEG was recorded following International System of electrode
placement and international guidelines for neonates as previously
described.6 Fp1, Fp2, Fz, C3, Cz, C4, T3, T4, O1, and O2 recording
electrodes referred to the linked earlobes were used. The EEG was
recorded using a Galileo system (EB Neuro/Florence, Italy). The
digital EEG signal was sampled at 512 Hz and stored on a hard
disk. The band-pass filtering was 0.5–20 Hz. An artifact rejection
routine was used to exclude segments of the EEG in which the
voltage in any channel exceeded 1000 μV.
All recordings took place between 10.30 a.m. and 12:00 noon, a
time slot in which no medical or feeding procedures were carried
out. For offline analysis, 5 min of artifact-free EEG trace recorded in
active sleep were selected from at least 1-h recording. We chose
active sleep state because it represents predominantly neocortical
activity.23
Data analysis
Network construction. The functional brain network was con-
structed using a single-subject-connectivity-matrix approach, as
suggested by Langer and colleagues.24 Then we used the brain
connectivity toolbox17 for extracting the network measures.
For each infant of the two groups, we applied a linear detrend
to each channel signal, by removing its mean value; then for each
of the considered frequency bands (delta [0.5–4 Hz]; theta [4–8
Hz]; alpha [8–12 Hz]; beta [12–20 Hz]), we computed the adjacency
matrix by using the magnitude square coherence (MSC) as a
measure of phase synchronization among each channel pair.
The MSC is the ratio of the squared magnitude of the cross-
power spectrum between two signals to the product of their
individual power spectra. Specifically, the MSC estimate is a
function of frequency with values between 0 and 1 that indicates
how well the signal x corresponds to the signal y at each
frequency. The MSC is a function of the power spectral densities,
Pxx(f) and Pyy(f), of x and y, and the cross power spectral density,
Pxy(f), of x and y:
Cxy fð Þ ¼ Pxy fð Þj j2=Pxx fð Þ  Pyy fð Þ
In particular, we used the MATLAB function “mscohere” for
computing the MSC, which estimates the magnitude-squared
coherence function25 using Welch’s overlapped averaged period-
ogram method (see ref. 26). We used sections of 2 s with 50% of
overlap averaged with Hanning window, as parameters to the
“mscohere” function, for computing the cross spectral density and
the power spectral densities of each signal in the pair. Then we
used the proportional thresholding method for constructing each
graph starting from each adjacency matrix: we ranked the
connections (i.e., the coherence values) in a descending order
and selected a certain percentage of the top ranked connections,
expressed by a specific threshold. The selection of the network
threshold for the construction of the final graphs was performed
by adopting a procedure based on controlling the small-word
parameter as function of the network threshold (see ref. 24).
The problem of thresholding in graph theoretical network
analysis is still an open question, but some suggestions have been
reported in a methodological study by Langer and colleagues,24
where different possibilities can be chosen. In particular, using
unthresholded weighted connectivity matrices it is possible to
statistically test the network parameters. Thresholded networks,
however, exhibit a clearer small-world topology, because the noise
of the data is reduced by the thresholding procedure]. In some
studies (e.g., ref. 27), the authors presented a further possibility:
they first determined the larger threshold, which exhibited the
best small-world topology and then used this threshold. Small-
world organized networks are characterized by a clustering
coefficient C that is higher than the C of a randomly organized
network (Crandom), and a short characteristic path length L that is
similar to that of an equivalent random network (Lrandom).
27
Formally, small-world networks show a ratio c defined as Creal/
Crandom that has to be >1 and a ratio k defined as Lreal/Lrandom that
has to be about 1.27 A high c reflects a high level of local
neighborhood clustering within a network, and a short travel
distance k expresses a high level of global communication
efficiency within a network.18 For each subject, the small-world
indices were derived from the comparison of the real (measured)
network with a random network including the same number of
Table 1. Clinical data of the infants recruited for the study.
Clinical data ELGA group (n= 8) Late preterm (n= 8)
CA, mean (range) 7 (5+ 3–8) 0+ 6 (0+ 3–1)
PCA, mean (range) 35 (34–35+ 1) 35 (34+ 3–36)
GA, mean (range) 27 (23+ 2–27+ 6) 34+ 4 (34–35+ 2)
Birth weight (g) 974+ 234 2376+ 539
Birth length (cm) 35+ 5 41+ 3
Birth CC 25+ 1 30+ 5
Male rate 4 (50%) 4 (50%)
1-min Apgar score 7+ 1.27 8+ 0.75
5-min Apgar score 8.25+ 0.83 9.2+ 0.95
Ph 7.27+ 0.09 7.25+ 0.06
GA gestational age, CA chronological age, PCA post-conceptional age,
CC cranial circumference, ELGA extremely low gestational age
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nodes, edges, and degree distribution of the real network.
Random networks were constructed by using the function
“randmio_und” contained in the brain connectivity toolbox of
Rubinov and Sporns.17 This function randomizes an undirected
weighted network, while preserving the degree but not the
strength distribution. The best small-world topology in ref. 24 has
been defined by a high c and a k ≈ 1. In our study, this could be
automatically translated into the selection of the larger threshold
that guarantees a small world parameter >1 and can allow to
maintain a connected graph (with the more salient information)
and discard the more defragmented graphs (containing spurious
connections) at the lower thresholds.
For each infant at each frequency band, we started from the
adjacency matrix and used the proportional thresholding
method for constructing the corresponding cortical connectivity
network: we ranked the connections (i.e., the MSC values) of
each adjacency matrix in a descending order and selected a
certain percentage of the top ranked connections, expressed by
a specific proportional threshold (i.e., [0.2–0.8] with step of 0.1).
In particular, we used the function “threshold_proportional” of
the brain connectivity toolbox of Rubinov and Sporns17: this
function thresholds the connectivity matrix by preserving a
proportion p (0 < p < 1) of the strongest weights. All the other
weights, and all the weights on the main diagonal (self–self-
connections) are set to 0. Successively, we computed the small-
world parameter (using the formulation proposed by Humphries
and Gurney,28 as implemented in the brain connectivity toolbox
of Rubinov and Sporns17) at each considered threshold, and
selected the larger threshold (i.e., in our case 50% of the top
ranked connections, as reported in the “Results” section)
that preserved the small-world network topology (i.e., the
mean small-world parameter >1) and maintained a connected
graph, discarding the more defragmented graphs at the lower
thresholds.
Connectivity measures. We adopted some of the most commonly
used measures of global/local connectivity. Specifically, as a global
measure we selected the small-world parameter for the network
construction. Crucially, small-world parameter was used for
thresholding the adjacency matrices and obtaining the weighed
graphs.24 Small-worldness (i.e., small-world parameter >1) is a
property characterizing graphs with dense local clustering and
relatively few long-range connections, and it can globally account
for both specialized (segregated) and distributed (integrated)
information processing, revealing a more general different level of
efficiency in information processing between groups. In order to
better distinguish between segregation and integration properties
within brain networks, we selected two local connectivity
measures: (i) Clustering coefficients, which are locally computed
as the fraction of triangles around each individual node; and (ii)
Strength, which is computed for each node of the network as the
sum of the weights on its connections. The clustering coefficient
reflects the prevalence of clustered connectivity around individual
nodes and roughly corresponds to an index of segregation and
specialization. Strength in functional networks is an index of
integration and synchronization of brain activity. Both clustering
and strength measures were computed using the brain con-
nectivity toolbox of Rubinov and Sporns17 on the normalized
weighted graphs obtained after thresholding. Specifically, after
thresholding, we use the function “weight conversion” (used with
the parameter option “normalize”), contained in the brain
connectivity toolbox of Rubinov and Sporns17 for normalizing
the cortical connectivity network. This function scales all weight
connections to the range [0, 1] by dividing the connection values
to the maximal weight and should be done prior to computing
some network parameters, such as the clustering coefficient.
Indeed, since network measures strictly depend on the mean
of the weighted connections, weighted graphs obtained after
thresholding need to be normalized in order perform statistical
analysis on the extracted measures.
Statistical analysis
For the global measure (i.e., small-worldness), we performed a t
test for independent samples (i.e., ELGA group vs late-preterm
group). Owing to the small sample size (i.e., eight participants per
group), we also performed a nonparametric t test (i.e., both
Mann–Whitney and Welch tests). Mann–Whitney test, the most
general one, means that we do not need any distributional
assumptions about the probability distribution that the data
comes from. Welch test adds the assumption that the two groups
come from a normal distribution, but the variance in the two
groups can be different. At a local level (i.e., strength and
clustering), we investigated whether potential distinctions, in
terms of connectivity, between ELGA and the late-preterm group
could be modulated by hemispherical differences. For each local
measure (i.e., strength parameter and clustering coefficient), we
excluded the central channels (i.e., Fz and Cz) and averaged the
values obtained for the channels located on the left and right side
of the scalp. Then we performed an analysis of variance on these
measures, using the hemisphere (left vs right) as a within factor
and the group (ELGA group vs late-preterm group) as between
factor. In order to explore interactions, we also performed
nonparametric t tests (i.e., Mann–Whitney and Welch tests for




We chose a threshold of 0.5 in all the frequency bands that is the
maximum threshold guaranteeing small-worldness (i.e., the small-
world parameter was upon the value of one).
Figure 1 shows the values of the small-word parameter
as a function of the threshold. Thus, for each subject, we
constructed a graph of the same density (i.e., the number of
connections). Figure 2a shows an example of the coherence
graphs (averaged across subjects for each group) obtained after
pruning the adjacency matrices at a threshold of 0.5 in the theta
band.
Global coherence-graph measures
No significant differences in small-worldness emerged between
ELGA and late-preterm groups in all the frequency bands
(all ts ≤1.27, all ps >0.23). The nonparametric t tests confirmed
the results (e.g., in the theta band: Welch t(13.74)=−0.77, p=
0.45; Mann–Whitney t= 26, p= 0.57).
Local coherence-graph measures
Results on strength parameter in theta band showed a significant
interaction (F(1,14)= 6.19, p= 0.026, ŋp
2= 0.31), whereas no main
effect of hemisphere (F= 1.09, p= 0.31) and group (F= 1.36, p=
0.26) emerged. T tests showed that only for the ELGA group there
was a significant hemispheric difference (t(7)= 2.44, p= 0.045),
which was explained by a reduced strength parameter in the right
(M= 1.94, SEM= 0.13) rather than the left (M= 2.48, SEM= 0.27)
hemisphere, whereas this asymmetry did not emerge in the late-
preterm group (t=− 1.05, p= 0.33). Moreover, no group effect
emerged in the left hemisphere (t= 0.46, p= 0.65), whereas in the
right hemisphere the mean strength parameter was significantly
greater in the late-preterm group (M= 2.57, SEM= 0.13) than in
the ELGA group (M= 1.94, SEM= 0.13) (t(14)= 2.84, p= 0.013), as
shown in Fig. 2b, c. Additional nonparametric t tests confirmed
and strengthened these results. Wilcoxon ranked tests showed
that only for the ELGA group there was a significant hemispheric
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difference (t= 33, p= 0.039), whereas no significant difference
emerged for the late pre-term group (t= 14, p= 0.64). Moreover,
only in the right hemisphere the mean strength parameter was
significantly greater in the late-preterm group than in the ELGA
group (Welch test: t(12.51)= 2.84, p= 0.014; Mann–Whitney test:
t= 8, p= 0.01). No group difference emerged in the left
hemisphere (Welch test: t(10.29)= 0.46, p= 0.65; Mann–Whitney
test: t= 34, p= 0.88).
We found no significant differences on clustering coefficient in
all the frequency bands (all Fs ≤1.7, all ps ≥0.29).
DISCUSSION
Our research is a cross-sectional exploratory study applying the
graph theory to the EEG analysis of a small group of preterm
infants without neurological risk factors, born at different
gestational ages but all tested at 35 weeks’ post-conception. We
found a small-worldness organization both in ELGA and late-
preterm infants, and we found no differences in small-worldness
organization between groups. By considering local measures, only
the ELGA group showed a hemispheric asymmetry in the strength











































































Fig. 2 a An example of normalized coherence graphs (averaged across subjects for each group) obtained after pruning the individual
adjacency matrices at a threshold of 0.5 in the theta band. The color codes correspond to the mean coherence value distribution within each
group (from 0—no connection—to the maximum reached value for the group). b Difference between the local strength parameter (i.e., one
value for each channel) of the ELGA and the late-preterm groups, in theta frequency band, plotted on the scalp. The bar indicates increased
strength parameter in the right hemisphere of the late-preterm group with respect to ELGA infants. c Mean strength parameter plotted as a
function of the group (ELGA vs late preterm) and the hemisphere (LH (left hemisphere) vs RH (right hemisphere)). A significant effect of the
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Fig. 1 Threshold selection for graph construction. Mean small-worldness plotted as a function of the network threshold. The threshold of 0.5,
indicated by the black circle, was selected as the maximum threshold for which the small-word parameter is above the value of one. On the
right panel, mean small-worldness is plotted as a function of the group (ELGA vs late preterm) at the selected threshold. Error bars indicate
one standard error of the mean.
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parameter in the right hemisphere, suggesting reduced functional
integration in this hemisphere. This result was also reflected on
mean strength parameter, significantly greater in the right
hemisphere of the late-preterm group compared to the ELGA
group. This asymmetry between hemispheres is in line with
previous neuroimaging, neurophysiology, and postmortem
studies.29
Thirty-five-week gestation is a pivotal time for the cerebral
development, as shown by postmortem and neurophysiological
studies.2 Our findings suggest that as early as 35-week post-
conception, developmental trajectory of extremely preterm
infants is different from their near-term peers.
Previous research showed differences in functional connectivity
between premature infants as they reach term and healthy full-
term infants, although with some conflicting results.7,9–11,30
Given that EEG represents the synchronous activity of neurons
arranged perpendicular to the surface of the cerebral cortex, the
methodology do not allow a direct measure of subcortical and
white matter interconnections. However, several EEG algorithms
offer interesting insight about how cortical areas work together in
networks, and thanks to the high temporal resolution, the link
with the resulting cognitive processes becomes more suitable.
Among newly developed analysis techniques, graph theory is very
interesting given its possibility to provide information about
global and local level of the cerebral organization (for details, see
ref. 17). All these graph metrics provide evidence of both
segregation (e.g., clustering) and integration (e.g., strength)
properties of the graph. An emergent property of many complex
networks in nature is the “small-world” topology, which is in-
between regular (i.e., each node is linked only to its neighbors)
and random (i.e., each node is randomly connected to all the other
nodes) graph topologies. Small-worldness characterizes graphs
with dense local clustering and relatively few long-range
connections, which is an appealing property, because it can
globally account for both specialized (segregated) and distributed
(integrated) information processing.
It has been suggested that the prevalence of small-world
networks in biological systems may reflect the evolutionary
advantage of a greater sustainability of system performance
under perturbations.31 Our findings on the small-worldness
suggest that this important property emerges at an early
developmental phase and it is independent from gestational age.
Studies in the child and adult brain suggest that the small-world
architecture may be the hallmark feature of macroscopic cortical
connectivity.18 A small-world architecture has been demonstrated
in neonates as early as 30 weeks’ gestation using resting-state
fMRI8,32 and other fMRI connectivity approaches7,11 and is also
consistent with results obtained using other analysis methods
applied to the EEG.13
The majority of graph studies investigating cross-sectionally the
development of functional connectivity in premature infants used
fMRI data; literature lack of studies using EEG. Although brain
imaging may reveal both structure and function, EEG provides
complementary information on much faster time scales (milli-
seconds) combined with a relatively easier assessment compared
to neuroimaging. One other advantage of using electrical signals
is that they allow exploring networks exhibiting spatial and
temporal dynamics that functionally are not completely over-
lapping to their resting-state fMRI counterparts.12 A further
advantage of EEG-based network analysis, with respect to fMRI,
is that it offers additional information on the underlying
neurophysiological mechanisms by the evaluation of the different
EEG frequency bands.
Regarding local coherence measures obtained in our study, the
mean strength parameter in the theta band was significantly
greater in the right hemisphere of late-preterm group than that of
the ELGA group. Although several studies documented differences
between preterm infants and full-term neonates, no study
investigated cross-sectionally the functional connectivity of infants
born extremely premature earlier than at attainment of term age.
Our findings suggest that, as early as 35 weeks’ post-conception,
developmental trajectory of extremely preterm infants without
neurological risks could be different from their late-preterm peers,
in line with previous studies.3,6 Using graph analysis of fMRI data,
van den Heuvel and colleagues32 found patterns of global and
local connectivity similar to our results. In their study, disruptions
in network structure were shown to arise from changes secondary
to the early emergence of rich-club organization, such as the
increase in local cortico–cortical connectivity.
In our study, differences in strength parameter between ELGA
and late-preterm groups were statistically significant only in the
theta frequency range. It has been speculated that the increase of
theta band frequencies may predate and facilitate the formation
of long-range functional networks33 and thalamo-cortical connec-
tions, possibly associated with development of neocortical and
hippocampal networks.34 Changes in the theta band power have
been implicated in the development of complex frequencies in
human medial frontal cortex.13,33 Abnormalities in theta activity, at
an early stage, could trigger a cascade of alterations in the
development of high frequencies, occurring later in life. Our
findings are particularly interesting considering that prematurity
per se is associated with higher rates of neurodevelopmental
disorders, such as attention-deficit hyperactivity disorder and
autism, which have both been recently characterized as disorders
of connectivity.35
The study of brain maturation on premature infants at very early
ages is challenging. Given the high vulnerability of premature
brains, the recruitment of infants born at ELGA without
neurological risk factors other than prematurity is very demand-
ing. Premature infants are at risk for several complications of
prematurity with different effect on the EEG depending on the
gestational age and the clinical condition, making it difficult to
compare results from different studies. In fact, several studies did
not exclude children with comorbidities (for example, ref. 19),
introducing important confounding variables in the study of
developmental trajectories.
Furthermore, the EEG may be technically challenging when
cooperation is lacking and in the intensive care setting, due to
increased presence of artifacts. One other problem is the small
surface for electrode placement (both for the reduced head
circumference and for the possible presence of medical aids) that
decreases the possibility of measuring many scalp sites. Beside all
these limitations, the EEG still represent a very useful tool for
studying developmental trajectories in prematurity, a unique
window on the brain at work during the early phases, which
parallel basic science studies of histological and neurochemical
processes and neuroimaging studies.2 The EEG network studies
provided a variety of analysis techniques and advancements are
continuously evolving. Furthermore, the enormous advancements
in the evaluation and analysis of neonatal EEG signals combined
with progress in basic sciences is providing a theoretical frame-
work for better understanding mental health disorders of later
life.2
The present study has some intrinsic methodological limitations
as well as some strengths. We used coherence as a correlation
measure for constructing the adjacency matrices. We acknowl-
edge that coherence is a linear measure of correlation among
channel pairs and it can be sensitive to volume conduction (see
for review, ref. 36). However coherence, is considered a standard
measure of cortical networks at the level of both scalp and source
space,37 and numerous studies performed connectivity analysis
using coherence measures, for example, refs. 13,38,39. In our study,
we controlled for these coherence limitations through specific
methodological choices. First, we used network measures instead
of the direct measure of coherence. Computing other connectivity
measures such as strength/clustering lead us to focus on the
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nodes (i.e., channels) and their interaction with the neighbor
nodes (channels), rather than the individual links (i.e., coherence
among channel pairs), and to take into account more informative
properties of brain functioning such as measures of segregation/
integration (indexed, respectively, by strength/clustering mea-
sures). Moreover, in the statistical analyses, we focused on global
network metrics (i.e., small-world parameter) and on hemispheric
asymmetries by averaging the local/nodal network measures (i.e.,
strength and clustering coefficient) across the channels within
each hemisphere. In this way, the coherence sensitivity to volume
conduction was partially controlled. One other intrinsic methodo-
logical limitation of this study was that the network construction
was based on the EEG signal registered from eight channels, due
to the small head circumference of the infants at 35 post-
conceptional age. We choose a traditional EEG apparatus, which
allowed us to place only eight channels given the small head size,
in order to limit the use of invasive procedures and to record at
bedside before discharge. A similar EEG methodology was
successfully used by other authors previously in order to
investigate cerebral connectivity in premature infants.13,14
One other possible limitation of the study is the choice of the
filter band-pass that do not allow analyzing high EEG frequencies.
We choose to apply a filter of 0.5–20 Hz because previous
literature showed that the maturation of intracortical interneur-
onal circuits and of inhibitory neurotransmission—processes that
span from full-term age further into infancy—are required before
cortical networks are able to generate robust higher frequency
activity (beta and gamma). Therefore, most of the EEG power in
the premature infants comes from the lowest frequencies.
However, the major limitation of the study is the small sample
size. Despite this limitation, results appear in line with studies
based on other EEG analysis techniques or fMRI7–11 and show that
the technique could be used adopting the standard clinical setting
of neonatal EEG used at bedside in NICU. Considering the small
number of recruited neonates, results should be, however, taken
carefully. The value of the present study was the focus on a very
homogeneous group of preterm infants without medical compli-
cations, brain imaging abnormalities, and other comorbidities
born at ELGA. We suggest the possibility of analyzing their
neonatal EEG by means of complex mathematical models,
specifically the graph theoretical analysis, to evaluate early
development of cortical networks and to distinguish the devel-
opmental trajectory of neonates born at ELGAs from those born
near term.
In conclusion, the application of the graph theory on preterm
EEG analysis offers a useful tool for exploring functional
connectivity during the early phases of brain development. Global
coherence-graph measures suggest a small-world organization in
the network topology in both extremely preterm and late-preterm
infants, already at 35 weeks’ post-conception. Local coherence-
graph measures were able to detect, at comparable age post-
conception, subtle differences in connectivity between infants
born late preterm and those born before the 28th gestational
week. Further studies on larger populations are needed to confirm
these results.
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